Drivers of soil organic carbon (SOC) dynamics involve a combination of edaphic, human, and climatic factors that influence and determine SOC distribution across the landscape. High-resolution maps of key indicators of ecosystem health can enable assessments of these drivers and aid in critical management decisions. This study used a systematic field-based approach coupled with statistical modeling and remote sensing to develop accurate, high-resolution maps of key indicators of ecosystem health across savanna ecosystems in South Africa. Two 100-km 2 landscapes in Bushbuckridge Local Municipality were surveyed, and 320 composite topsoil samples were collected. Mid-infrared spectroscopy was used to predict soil properties, with good performance for all models and root mean squared error of prediction (RMSEP) values of 1.3, 0.2, 5, and 3.6 for SOC, pH, sand, and clay, respectively. Validation results for the mapping of soil erosion prevalence and herbaceous cover using RapidEye imagery at 5-m spatial resolution showed good model performance with area under the curve values of 0.80 and 0.86, respectively. The overall (out-of-bag) random forest model performance for mapping of soil properties, reported using R 2 , was 0.8, 0.77, and 0.82 for SOC, pH, and sand, respectively. Calibration model performance was good, with RMSEP values of 2.6 g kg −1
Abstract
Drivers of soil organic carbon (SOC) dynamics involve a combination of edaphic, human, and climatic factors that influence and determine SOC distribution across the landscape. High-resolution maps of key indicators of ecosystem health can enable assessments of these drivers and aid in critical management decisions. This study used a systematic field-based approach coupled with statistical modeling and remote sensing to develop accurate, high-resolution maps of key indicators of ecosystem health across savanna ecosystems in South Africa. Two 100-km 2 landscapes in Bushbuckridge Local Municipality were surveyed, and 320 composite topsoil samples were collected. Mid-infrared spectroscopy was used to predict soil properties, with good performance for all models and root mean squared error of prediction (RMSEP) values of 1.3, 0.2, 5, and 3.6 for SOC, pH, sand, and clay, respectively. Validation results for the mapping of soil erosion prevalence and herbaceous cover using RapidEye imagery at 5-m spatial resolution showed good model performance with area under the curve values of 0.80 and 0.86, respectively. The overall (out-of-bag) random forest model performance for mapping of soil properties, reported using R 2 , was 0.8, 0.77, and 0.82 for SOC, pH, and sand, respectively. Calibration model performance was good, with RMSEP values of 2.6 g kg −1 for SOC, 0.2 for pH, and 6% for sand content. Strong gradients of increasing SOC and pH corresponded with decreasing sand content between the study sites. Although both sites had low SOC overall, important driving factors of SOC dynamics included soil texture, soil erosion prevalence, and climate. These data will inform strategic land management decisions focused particularly on improving ecosystem conditions.
Spatial Gradients of Ecosystem Health Indicators across a HumanImpacted Semiarid Savanna
Tor-Gunnar Vågen, Leigh Ann Winowiecki, Wayne Twine, and Karen Vaughan* T he communal rangelands of South Africa are generally regarded as degraded, both in terms of soil characteristics (e.g., low soil organic carbon [SOC] and high erosion) and vegetation (e.g., loss of cover, loss of productivity, change in species composition, bush encroachment, and invasion by alien plants) (Hoffman and Todd, 2000; Wessels et al., 2004; Scholes, 2009) . Key proximate drivers of this degradation are high livestock stocking rates and intensive resource harvesting (Scholes, 2009) , whereas the ultimate drivers are high population densities coupled with pervasive poverty in these rural areas (Hoffman and Todd, 2000) . Degradation of these landscapes decreases their ability to provide critical ecosystem services such as carbon storage, food, and water and ultimately increases their vulnerability to climate change by decreasing their adaptive capacity. The state and dynamics of vegetation and land cover in the communal lands of Bushbuckridge, west of Kruger National Park, South Africa, have been assessed ecologically using both field-based methods (Shackleton et al., 1994; Parsons et al., 1997; Harrison and Shackleton, 1999; Higgins et al., 1999) and remote sensing data (Giannecchini et al., 2007; Coetzer et al., 2010; Wessels et al., 2011; Fisher et al., 2012; Mograbi et al., 2015) . However, these assessments have mainly focused on aboveground vegetation dynamics and rarely are the indicators assessed across multiple spatial scales to understand the impact of their interactions.
It is now well established that nutrients, moisture, fire, and herbivory are the ultimate drivers of savanna structure and composition (Scholes and Archer, 1997; Sankaran et al., 2005) , but the relative influence of these at different scales is still poorly understood. Environmental factors influencing nutrient and moisture availability, such as rainfall, substrate, and topographical position, are believed to have a stronger influence at coarser scales, whereas disturbance factors are thought to be more important in shaping vegetation patterns at finer scales (Levick and Rogers, 2011; Colgan et al., 2012; Scholtz et al., 2014) . However, evidence from arid savannas of northern Kenya (Coughenour and Ellis, 1993) and a mesic savanna in Kruger National Park of South Africa (Baldeck et al., 2014) suggest that site-level characteristics, such as soil texture and drainage patterns, also have an important influence on fine-scale vegetation patterns within particular landscape units. Furthermore, different drivers appear to shape vegetation dynamics in different landscape contexts at a given scale of analysis (Levick and Rogers, 2011; Colgan et al., 2012) .
In highly heterogeneous systems like savannas, coarse-scale analyses often mask very different patterns and processes at the finer scale, prompting Levick and Rogers (2011) to argue for greater consideration of spatial heterogeneity and local context in the exploration of pattern-process relationships in savannas. High-resolution data on key ecological traits at the landscape scale are thus important for spatially explicit assessments of ecosystem health in such systems. However, sampling intensity and spatial extent of field-based ecosystem assessments usually precludes extrapolation to the landscape scale. Few studies have thus investigated fine-scale heterogeneity in edaphic conditions and vegetation, including key indicators of soil health, and the relationship between the two across savanna landscapes.
Studies of climate change in South Africa indicate large variation by region, but trends in temperatures generally show greater increases than the average observed globally, and according to some studies, there has been an increase in extreme rainfall events (Ziervogel et al., 2014) . The consensus climate change projections for the region include increased rainfall in the eastern parts of the country (including our study area) and the central interior, whereas decreases are projected in the southwestern winter rainfall region (Mason and Joubert, 1997; Hewitson and Crane, 2006) . Under scenarios of increased rainfall in the region, the result is likely to be increased bush encroachment, which could negatively affect biodiversity (Tews and Jeltsch, 2004) . In addition, the frequency and intensity of rainfall events are likely to increase under future climate change (Mason and Joubert, 1997) , which can lead to higher risk of soil erosion, particularly in arid and semiarid rangelands (Wei et al., 2009 ). However, uncertainties remain high in most projections, with some also suggesting little or no change in mean annual precipitation in the southern African region (Hulme et al., 2001) .
Soil organic C plays a major integrative role in soil systemsfor example, in regulating soil fertility and soil hydrological functioning (MEA, 2005) , as well as in mitigating climate change through sequestration (Lal, 2004) . Therefore, understanding drivers of SOC loss or gain is of critical importance for assessments of SOC storage and sequestration potential in the context of climate change mitigation (Olsson and Ardö, 2002; Lal et al., 2015 ; Vågen et al., 2005; Smith, 2008; Minasny et al., 2017) , as well as for determining the state of ecosystem health (Kibblewhite et al., 2008; Thomsen et al., 2012) . The 4 Per 1000 initiative aims to increase SOC to both mitigate climate change and increase food security (http://4p1000.org/understand). Specific land management practices have been assessed in terms of their potential to sequester carbon, highlighting the importance of both targeting high potential geographic regions and prioritizing practices (Smith, 2008; Smith et al., 2014; Lal et al., 2015; Minasny et al., 2017) . Specifically, grasslands are seen as critical sinks for SOC, and research shows that improved grassland management can increase SOC (Conant et al., 2001; Milne et al., 2016) . Although SOC is often proposed as the most important soil health indicator (Gregorich et al., 1994; Amundson et al., 2015) , the complexity and extent of SOC dynamics at the landscape scale are still poorly understood, especially in savanna ecosystems. This includes the understanding of the influence of inherent soil properties (e.g., texture, parent material) on SOC content, as well as the effects of aboveground vegetation types, land management, and climate. Furthermore, the impacts of land degradation on SOC dynamics across savanna ecosystems in sub-Saharan African are critical to incorporate into management recommendations. Specifically, reversing land degradation processes, such as reducing soil erosion prevalence, can affect SOC content and sequestration (Lal, 2003; Vågen and Winowiecki, 2013; Winowiecki et al., 2016a) . Although it is widely recognized that soil erosion has important implications for SOC dynamics (Bennett, 1939; Lal, 2003) , spatially explicit studies that combine these factors are needed.
Spatial assessments of soil properties are often limited by low soil sample density due to high costs of traditional wet chemistry analysis of soil. However, recent advancements in soil spectroscopy have enabled accurate predictions of soil properties (Brown, 2007; Vågen et al., 2006; Nocita et al., 2015; Viscarra Rossel et al., 2016) , ultimately reducing soil laboratory costs. Soil spectroscopy has enabled landscape-scale sampling of soil and, coupled with advances in digital soil mapping (McBratney et al., 2006; Grunwald et al., 2011; Vågen et al., 2013a Vågen et al., , 2016 , has enabled cost-effective, rapid, and accurate assessments of key indicators of ecosystem health. This study aims to fill key gaps in spatial assessment of ecosystem health indicators that will allow for targeting of interventions to increase both adaptation and mitigation of climate change. It combines systematic field assessments with soil spectroscopy and remote sensing to assess soil erosion prevalence, herbaceous cover, soil organic carbon, soil pH, and soil sand content at high spatial resolution (5 m). The objectives of the study were (i) to identify key drivers of SOC across a semiarid savanna ecosystem; (ii) to develop high-resolution (5 m) spatial assessments of SOC, pH, sand, and soil erosion prevalence; and (iii) to identify management options targeting restoration and conservation activities for the adaptation and mitigation of climate change in semiarid savanna ecosystems.
Materials and Methods

Site Selection
This research was conducted in the study site of the Agincourt Health and Socio-Demographic Surveillance System (AHDSS), which is operated by the University of the Witwatersrand in southern Bushbuckridge Local Municipality, Mpumalanga Province, South Africa (Fig. 1 ). This 450-km 2 rural site was selected because of the wealth of ecological and sociodemographic data that have been collected in this socioecological system by the University of the Witwatersrand on an ongoing basis since 1992. The AHDSS site is ?1000 ha of communal land that is used by households for livestock farming, growing crops, and harvesting natural resources. Two Land Degradation Surveillance Framework (LDSF) sites (Agincourt and Bushbuck) were distributed across the AHDSS study area to enable future collaboration (Fig. 1) .
Both the western (Agincourt) and eastern (Bushbuck) study sites are located in a subtropical climate, with hot wet summers, cool dry winters, and a mean annual temperature of 22°C (Shackleton, 2000) . Mean annual rainfall ranges from >700 mm in the west to 550 mm in the east. The rainfall gradient follows an altitudinal gradient ranging from 650 m asl in the west to <400 m asl in the east. The topography is undulating to flat and is underlain primarily by pottasic granites, except for a gabbro intrusion in the east (Bushbuck site). On the granite bedrock, soils grade along the catena from shallow sandy Lithosols on the hillcrests, to duplex soils on the mid-slopes, and sodic clays in the bottomlands (Shackleton, 2000; Twine and Holdo, 2016) . Dark Vertisols characterize the gabbo intrusion. The region is classified as a savanna with three vegetation types, namely, Lowveld granite savanna woodland that dominates on the granites, some legogote sour bushveld in the wet west, and grassy gabbro bushveld on the gabbro vertisols in the east (Rutherford et al., 2006) .
Ecosystem Health Sampling Design
The LDSF is a spatially stratified, randomized sampling design developed to provide a biophysical baseline at landscape level and a monitoring and evaluation framework for assessing processes of land degradation and effectiveness of rehabilitation measures over time (Vågen et al., 2013b) . Each LDSF site is 100 km 2 , which is stratified into 16 1-km 2 clusters, and each cluster contains 10-to 1000-m 2 sampling plots, totaling 160 plots for each site (Winowiecki et al., 2016b) (Fig. 2) . This hierarchical randomized sampling design allows for statistical modeling of key landscape variables to assess the health of the ecosystem, including both soil and vegetation characteristics, as well as land use (Vågen et al., 2013a (Vågen et al., , 2013b (Vågen et al., , 2016 .
Each plot has four 100-m 2 subplots where soil erosion and herbaceous cover were observed. Soil erosion was scored at each subplot level and then combined at the plot level (0 = no erosion, and 1 = severe erosion). In addition, herbaceous cover ratings were made using the Braun-Blanquet scale from 0 (bare) to 5 (>65%) (Braun-Blanquet, 1928) at each subplot. Soil samples were also collected at each subplot from topsoil (0-20 cm) and composited so that a total of 160 topsoil samples were collected from each LDSF site. All soil samples were brought to the World Agroforestry Centre (ICRAF) Soil-Plant Spectral Diagnostics Laboratory in Nairobi, Kenya, for analysis directly after sampling.
Mid-Infrared Spectroscopy
Soil samples were air dried and then ground to pass through a 2-mm sieve prior to analysis. Samples analyzed for mid-infrared (MIR) absorbance were further processed by (i) oven drying a subsample of ?10 g at 40°C for 24 h, (ii) grinding the ovendried samples using a RM 200 Retsch motor grinder to attain a particle size between 20 and 53 mm, and (iii) loading three subsets of the sample (?1-2 g each) onto an aluminum sample plate. Mid-infrared absorbance was measured on a Tensor 27 HTS-XT instrument from Bruker Optics. Measured wavebands ranged from 4000 to 601 cm −1 with a resolution of 4 cm −1
. The use of MIR for predicting important soil properties such as SOC, pH, base cations, and texture is well established and provides a cost-effective approach for soil analysis across larger landscapes (Shepherd and Walsh, 2002; Madari et al., 2006; Reeves et al., 2006; Vågen et al., 2006; Brown, 2007; Terhoeven-Urselmans et al., 2010) .
The ICRAF GeoScience Laboratory maintains a MIR spectral database with >100,000 soil spectra from across the global tropics. Over 30,000 of these samples come from a network of LDSF sites in the tropics. Soil samples with both MIR spectra and wet chemistry data were used to develop MIR prediction models for the various soil properties (Vågen et al., 2016) . Processing of the MIR spectra followed the methods described in Terhoeven-Urselmans et al. (2010) and Winowiecki et al. (2016b) , with first derivatives computed using a Savitsky-Golay polynomial smoothing filter implemented in the locpoly function of the KernSmooth R package (Wand, 2015) prior to prediction model development.
By using MIR spectroscopy, we only need to analyze a random subset of 16 standard topsoil samples using traditional wet chemistry analysis (e.g., SOC, pH, and texture [sand and clay content]). The data from these reference samples are combined with the MIR spectra from all of the samples to develop prediction models, as described below. Soil
reading on a Eutech Cyberscan 1100 pH meter. Total nitrogen and organic carbon were measured by dry combustion using an elemental analyzer isotope ratio mass spectrometry instrument from Europa Scientific after removing inorganic carbon with 0.1 M HCl. Sand and clay content was measured using a laser diffraction particle size analyzer from Horbiba (LA 950) after shaking each soil sample for 4 min in a 1% sodium hexametaphosphate (calgon) solution.
Data Analysis
Soil characteristics were predicted using a random forest (RF) (Breiman, 2001 ) model for each of the soil properties included in the study based on the first derivative of the MIR spectra described earlier (Vågen et al., 2013a (Vågen et al., , 2016 Winowiecki et al., 2016b) . In brief, RF models use multiple decision trees, which construct a set of decision rules on a predictor variable that are recursively partitioned through boot-strapping with each split selected to reduce the variance in the model. The decision trees in a model are combined or bagged to predict the different soil properties on the basis of MIR absorbance. The ICRAF MIR database, which consists of ?3939 soil MIR spectra with matching reference soil samples (e.g., 16 topsoil and 16 subsoil samples from each LDSF site) from 109 LDSF sites, was used to develop the soil property prediction models. The calibration models developed using the MIR spectra and reference samples were then applied to the MIR spectral library and validated against the reference samples collected at the two LDSF sites.
Mapping of Soil Properties and Land Degradation
RapidEye (Blackbridge) imagery was acquired for 24 July 2013 covering the study area (RapidEye tiles 3627609, 3627608, and 3627607). Prediction models were developed for SOC, soil pH and sand content, soil erosion prevalence, and herbaceous cover.
For continuous variables (SOC, pH, and sand), we used RF regression models, whereas for erosion and herbaceous cover, RF classification models were used, since these have a dichotomous outcome (0/1). For the mapping of herbaceous cover, we took at cutoff at 40 to 65% or higher herbaceous cover from the LDSF field data and modeled the probability of falling above this threshold. RapidEye reflectance data from 27 LDSF sites in 15 countries with matching LDSF baseline data and soil information was used for prediction model development. These data cover a wide range of ecosystems, ranging from semiarid rangelands to subhumid and humid grazing, agricultural, and forested ecosystems. The rationale behind including sites from beyond the study area is that this ensures that models are more robust across a wide range of ecological conditions. We tested (validated) and applied the models specifically for the study area by extracting reflectance values for each LDSF plot, taking the median reflectance of each band for the RapidEye pixels falling within each plot. A total of 4053 LDSF plots were available for prediction model development based on RapidEye, out of which we used 70% of the samples for model calibration and the remaining 30% for validation or testing of the models. Model accuracy was assessed by calculating the root mean squared error of prediction (RMSEP) and R 2 for continuous response variables (SOC, pH, and sand), and receiver operator characteristics (ROC) curves and confusion matrices for dichotomous (binary) outcome variables (soil erosion prevalence and herbaceous cover).
Results and Discussion
Mid-Infrared Prediction of Soil Properties
Prediction results for SOC, pH, and texture (sand and clay) are shown in Fig. 3 , with summaries of prediction performance results shown in Table 1 . As expected, given the results of numerous other studies applying MIR to the prediction of soil properties, model performance was good for all of the soil properties (R 2 values were 0.98, 0.95, 0.94, and 0.97 for SOC, pH, and sand and clay content, respectively) ( Table 1 ). The two LDSF sites included in the study were distinctly different in terms of soil characteristics, with the western site (Agincourt) having lower SOC and pH than the eastern site (Bushbuck) (Fig. 4) . Median SOC values were lower in Agincourt (4.14 g kg −1
) than in Bushbuck (9.1 g kg −1 ) (Fig. 4) , whereas pH was somewhat lower in Agincourt (median = 5.9) than in Bushbuck (median = 6.5), as shown in Fig. 4 . There was a strong texture gradient going from west to east in the study area, with higher sand content in the western Agincourt site (median = 63%) than in Bushbuck (median = 43%) and higher clay content in the eastern Bushbuck site (40%) than in Agincourt, where median clay content was 22%. The decreasing sand content going from west to east in the study area is part of the explanation for the increasing concentrations of SOC observed. In other words, the western Agincourt site has inherently lower SOC due to higher sand content. The study area also has a relatively strong rainfall gradient, with rainfall increasing from east to west.
Although data on SOC are scant for communal rangelands in southern Africa, our calculated values fell within the range of published data for the region. For example, Ringrose et al. (1998) reported SOC values of 1 to 2 g kg −1 on the sandy arenosols of the heavily grazed central Kalahari in Botswana. At the other extreme, values for communal lands on clayey soils ranged from 5 to 10 g kg −1 in a semiarid Acacia savanna in the Northern Cape of South Africa (Smet and Ward, 2006) to 12 to 17 g kg −1 in semiarid grasslands in the central part of the country (Kotzé et al. 2013 ).
Spatial Assessment of Soil Properties
Soil property maps of SOC, pH, and sand were generated using RapidEye reflectance at 5-m resolution (Fig. 5) . Random forest spatial prediction model results are presented for both the calibration and validation models; both were acceptable and highlight the utility of these soil property maps. The RMSEP for the calibration RF spatial model was 2.6 g kg −1 for SOC, whereas RMSEP for the validation model was 8.2 g kg −1
. Accuracy assessments for the spatial prediction model for pH show low RMSEP values (calibration RMSEP = 0.2, validation RMSEP = 0.4), which means that the spatial predictions are also likely to yield good results outside of the areas sampled. Sand content was also predicted with reasonable accuracy, with RMSEP for the spatial prediction model of 6% for the calibration and 18% when this model was applied to the validation data. The overall (out-ofbag) RF model performance as indicated by R 2 was 0.8 for SOC, 0.77 for pH, and 0.82 for sand.
As shown in Fig. 5 , the strong gradients in SOC, pH, and sand content observed in the soil data from the two sites are clearly visible, with SOC and pH increasing from west to east and sand content decreasing. The maps also show high levels of variability within the study area. For example, although SOC is general increases along the west to east gradient discussed above, it is higher in alluvial soils along rivers and watercourses and in areas that are more densely vegetated, including in protected areas within the eastern part of the study area. Some of this variability occurs over short distances, such as the very high values on the gabbro intrusion in the east, which highlights the importance of high-resolution spatial predictions of soil properties for targeting of management interventions within these rangelands.
The diversity of soil types across savanna ecosystems has been characterized (Venter, 1986) as maintaining a strong relationship with geologic materials (geogenetic) and topographic position (topogenetic). Of particular importance in arid and semiarid ecosystems is the influence of abiotic factors on ecologically essential soil properties. Where soils developed in gabbro parent material (eastern site, Bushbuck), greater clay content and SOC content was predicted (Fig. 6) . This is likely due to the macrocrystalline nature of the gabbro rock and its tendency to weather into smaller, clay-sized particles. Soils developing in coarse-grained granitic parent material (Agincourt) show greater diversity in soil properties as a result of the catena influence, but they maintain higher sand content overall and generally less SOC (Fig. 6 ). This is due to the coarser weathering products and potentially droughty conditions present as a result. Median SOC on the gabbro-derived soils in Bushbuck (Fig. 6) is comparable with values of 19 to 22 g kg −1 observed on basalt-derived Vertisols in nearby Kruger National Park (Shackleton and Scholes, 2000) . A review article focusing on semiarid regions of South Africa (Mills and Fey, 2003) also noted the effects of geologic material and mineralogy on the susceptibility of soils to loss of SOC as a result of cultivation, forestry practices, and burning.
Spatial Assessment of Soil Erosion and Herbaceous Cover
Overall soil erosion prevalence was low, with only ?15% erosion across the study area. Herbaceous cover across the sites was high overall. For example, ?89% of the LDSF plots (?285 of the 320 sampled LDSF plots) had herbaceous cover ratings that were 40 to 65% or higher. The performance of the prediction model to spatially assess soil erosion using RapidEye showed good results overall in terms of accuracy, but with relatively low sensitivity due to the low occurrence of erosion in general ( Table 2 ). The ROC curve in Fig. 7 (upper panel) confirms these results (area under the curve = 0.81). For the prediction of herbaceous cover densities higher than 40 to 65%, model performance is better than for erosion (Table 2 ; Fig. 7 , bottom panel), with both high accuracy and sensitivity (area under the curve = 0.86).
If we look at the predicted spatial distribution of soil erosion, we see low erosion in general, as expected (Fig. 8, upper panel) , and a tendency toward decreasing erosion as we go from west to east in the study area. In addition, erosion is lowest within some of the conservation areas in the east of the study area, where herbaceous cover is very high. For the probabilities of herbaceous cover densities higher than or equal to 40 to 65%, we see the opposite trend to erosion going from west to east (Fig. 8) .
Implications for Ecosystem Assessment across Landscapes
By using a hierarchical stratified sampling design, we highlight the ability to provide accurate, high-resolution predictions of various indicators of ecosystem health. These maps were produced beyond the study area, allowing for assessments inside and outside of the AHDSS study areas. Several other studies have highlighted the utility of the this methodology to calculate SOC sequestration potential (Vågen and Winowiecki, 2013 ; Winowiecki et al., 2016a) and to assess the effects of cultivation and rangeland management on SOC (Vågen et al., 2012; Winowiecki et al., 2016b) , as well as the influence of soil-forming factors on total elemental concentrations in soil , among other things. However, this is the first production of multiple indicators at high resolution, enabling an assessment of variability across the savanna ecosystem.
Implications for Conservation and Management
The contrasts in SOC, soil pH, erosion, and herbaceous cover across the landscape are strongly associated with edaphic and rainfall gradients in this heavily used landscape. This has important implications for management. First, without detailed understanding of these environmental drivers of ecosystem state, it would be easy to assume that the soils in the west are more severely degraded as a consequence of overutilization than the soils in the east. This might lead to the application of inappropriate management policies and interventions. In reality, human and livestock densities are higher in the east of the study site than in the west. The higher erosion and low SOC in the west are likely to be mainly a function of the interaction between higher rainfall and sandy infertile soil. Nevertheless, overall, relatively low prevalence of erosion across the landscape and high SOC in the east challenge the dominant "soil degradation" narrative typically applied to communal rangelands.
Second, a "one-size-fits-all" approach to resource management is inappropriate, even within a single landscape, due to the strong ecological influences of gradients in key environmental parameters. For example, rangelands on the sandier, less fertile soils in the wetter west of the study site can be expected to have a lower carrying capacity and be more vulnerable to degradation from overgrazing, such as erosion. Soil conservation needs to be a management priority here, with the maintenance of sufficient herbaceous cover through the application of appropriate stocking rates and herding practices. The dystrophic areas in the west can also be expected to have lower agricultural productivity, despite receiving higher rainfall, due to their lower pH and very low SOC. Soil organic C content of these soils can be increased through management interventions that encourage high herbaceous cover and low soil erosion, for example. The eastern rangelands can sustain higher livestock densities due to their inherently higher ecological potential underpinned by more fertile, less sandy soils and flatter topography.
Implications for Climate Change
The impacts of climate change, such as increasing temperatures and more frequent and intense rainfall events, are likely to lead to higher rates of soil erosion and loss of SOC unless appropriate management practices are put in place. These impacts will probably be highest in more marginal rangelands where productivity is already low. Managing these rangelands to increase biodiversity and herbaceous cover will be key to reducing soil erosion and increasing SOC storage, which will contribute to climate change mitigation while also maintaining or increasing the adaptive capacity of these ecosystems. Diversification of ecosystems has indeed been identified as important for their resilience (Holling, 1973; Müller, 2005; Folke, 2006) and will be ever more important, particularly where seasonal patterns of rainfall are likely to change, such as in large parts of southern Africa.
Conclusions
Indicators of ecosystem health often vary strongly across semiarid savanna ecosystems, which means that their assessments need to be made at appropriate spatial scales to both understand their spatial dynamics and to better target management interventions. In the current study, we therefore explored the development of high-resolution maps to adequately show the spatial variability in indicators of land health such as SOC, using the LDSF approach in conjunction with RapidEye satellite imagery to map soil properties, land degradation processes, and vegetation cover. The spatial assessments of SOC and other indicators of ecosystem health showed strong gradients across the study area as a result of a combination of climatic gradients and geomorphology, as well as human influences. The strong influence of climate on SOC in the study area shows that the impacts of climate change such as higher temperatures and more erratic rainfall can potentially have large implications for ecosystem health and the resilience of these rangelands. The spatial assessments produced as part of the study can be applied for spatially explicit management recommendations to reduce land degradation and restore degraded areas, which will be of critical importance for climate change adaptation in these rangelands while also providing avenues that help mitigate the effects of climate change.
